Keywords: eddy covariance water use efficiency terrestrial ecosystems ChinaFLUX spatial pattern altitude leaf area index vertical variation Water use efficiency (WUE) reflects the coupling of carbon and water cycles. Analyzing the spatial variability of WUE can improve our understanding on the interaction between carbon and water cycles at a large scale, which also provides a basis for improving the regional carbon budget assessment. Based on China's eddy covariance measurements, we examined the spatial variation of China's WUE and its affecting factors. WUE showed a decreasing trend with the increasing altitude, which was the result of ecosystem type distribution resulting from the climatic gradient. After fully considering the vertical variation of WUE, we found that not only mean annual air temperature (MAT), mean annual precipitation (MAP), and mean leaf area index (MLAI) but also mean annual total photosynthesis active radiation (MAR) affected the spatial variation of WUE. With the increasing MAT, MAP, and MLAI, WUE increased significantly but the increasing MAR decreased WUE. The spatial variation of WUE could be directly depicted by MLAI and altitude, the equation including which explained 65% of the spatial variation of WUE. The effects of MAT and MAP on the spatial variation of WUE may be achieved through altering MLAI, while the mechanism underlying the effect of MAR on the spatial variation of WUE was still unclear, which should be the subject of future investigations. This study reveals the vertical variation of WUE and provides a new approach to generate the spatial variation in WUE, which will benefit the regional carbon budget assessment.
Considerable attention in ecological studies is being given Schlesinger et al., 2011; Wang et al., 2012) to the close coupling of carbon and water cycles, which reflects the interaction between carbon and water cycles. The coupling between carbon and water cycles can be represented by the term "water use efficiency (WUE)", which is often defined as the ratio of productivity to water loss (Reichstein et al., 2002; Beer et al., 2007; Steduto et al., 2007; Zhao et al., 2007) . Analyzing the spatial variability of WUE is helpful for understanding the interaction between carbon and water cycles at a large scale (Ito and Inatomi, 2012) , which may provide an alternative approach for regional carbon budget assessment (Beer et al., 2007 (Beer et al., , 2009 (Beer et al., , 2010 .
Based on network eddy covariance measurements, which can simultaneously measure CO 2 and H 2 O fluxes, scientists have analyzed the spatial variability of WUE in China and other regions. For example, using measurements from three forests in the North-south Transect of East-China (NSTEC), Yu et al. (2008) analyzed the difference in WUE among forests and found that WUE increased with increasing latitude, which resulted from the decreasing mean annual air temperature (MAT) and precipitation (MAP). Using observations from Northern China and Southeast China, Xiao et al. (2013) found that the spatial variability of WUE was primarily associated with MAP. Using measurements in three grasslands in the China Grassland Transect (CGT), Hu et al. (2008) found that WUE increased with the increasing leaf area index (LAI) but was not related to the increasing MAT and MAP. Integrating global measurements covering 43 sites, Beer et al. (2009) investigated the spatial variation of inherent water use efficiency (IWUE), the product of WUE multiplying vapor pressure deficit, and found that LAI dominated the spatial variation in IWUE. However, most of previous studies were conducted within the same ecosystem type (Hu et al., 2008) and covering limited range in altitude among ecosystems (Xiao et al., 2013) , which made little attention paid to the vertical variation of WUE, while there was a substantial difference in global altitude. Therefore, it was still unclear whether WUE exhibited a vertical variation. In addition, if there was a vertical variation in WUE, we were still unknown about whether factors affecting the spatial variation of WUE varied after fully considering its vertical variation, which made our current understanding on the spatial variation of WUE imprecise.
Because of the uplift of the Qinghai-Tibetan Plateau (Wu et al., 2007) , China experiences a distinct climate and ecosystem gradient that exhibits not only a horizontal distribution but also a notable vertical distribution (Yu et al., 2006) . The unique distribution of climate and ecosystems in China provides a valuable platform for analyzing the spatial variation of WUE especially its vertical variation and its affecting factors, which may be helpful for fully understanding the spatial variability of WUE in China and globally. Scientists in China has conducted eddy covariance measurements for many years , which made it possible to investigate the spatial variation of WUE in China.
Integrating ChinaFLUX measurements and published data in literatures, we constructed a dataset containing concurrent CO 2 and H 2 O flux measurements from 37 sites in China (Fig. 1) , investigated the spatial variation of WUE and revealed its affecting factors. The main objectives were to fully reveal the spatial variation of WUE especially its vertical variation and to clarify factors that directly affected the spatial variation of WUE in China. Our results may improve our understanding on the interaction between carbon and water cycles at a large scale and may provide an alternative approach for assessing the spatial distribution of WUE thus carbon fluxes.
Material and methods

Sites used in this study
In this study, we collected data from two sources: ChinaFLUX measurements and published data from the literature.
Since 2002, ChinaFLUX has conducted continuous CO 2 and H 2 O flux measurements at 9 sites using the open path eddy covariance system (Yu et al., 2006) , which covered 4 forests, 3 grasslands, 1 cropland, and 1 wetland ( Fig. 1 red sites) .
In addition to ChinaFLUX measurements, we also collected published data in China from the literature, which comprised a dataset covering 9 forests, 9 grasslands, 4 croplands, and 6 wetlands ( Fig. 1 black sites). Sites were selected following the follow criteria. First, measurements must have been made using the eddy covariance technique. Second, measurements must have been conducted for at least 1 year and the annual total GPP and ET had to be available. Third, the annual total GPP and ET must have been collected in the same year.
After integrating ChinaFLUX measurements and data from the literature, we constructed a dataset that contained simultaneous annual total GPP and ET measurements at 37 sites. Our dataset included 13 forest sites, 12 grassland sites, 7 wetland sites, and 5 cropland sites, which together represented most of major ecosystem types (Fig. 1) in China.
ChinaFLUX measurements and flux data processing
ChinaFLUX measurements were conducted using the open path eddy covariance system (Yu et al., 2006) , which collected the raw data at a frequency of 10 Hz. The CO 2 and H 2 O fluxes were calculated and stored at 30 min interval. Standard meteorological variables, including net radiation (R n ), photosynthesis active radiation (PAR), air temperature (Ta), soil temperature (Ts), precipitation, and soil water content, were also collected simultaneously at each site (Yu et al., 2006) . Energy closure exceeded 0.7 at all sites (Li et al., 2005) , which indicates the reliability of ChinaFLUX measurements.
ChinaFLUX measurements were processed using traditional data quality controlling routes (Yu et al., 2006) , including the threedimensional rotation (Aubinet et al., 2000) , the WPL correction (Webb et al., 1980) , the canopy storage calculation, and the spurious data removal. Spurious data that were caused by rainfall, water condensation or system failure, and that were lower than the friction velocity (u*) threshold, which was calculated following Reichstein et al. (2005) , were removed. For CO 2 fluxes, the nighttime gaps were filled using the Lloyd-Taylor equation based on Ts and daytime gaps were filled with the MichaelisMenten equation based on PAR (Falge et al., 2001b; Reichstein et al., 2005) . Then, the nighttime-based approach was used to partition CO 2 fluxes into GPP and ecosystem respiration (ER) (Reichstein et al., 2005; Gao et al., 2014) . For H 2 O fluxes, data gaps for latent heat fluxes were filled using the Look-Up Tables based on Ta, vapor pressure deficit (VPD), and R n (Falge et al., 2001a; Reichstein et al., 2005) , and latent heat fluxes were then regarded as ET (Hossen et al., 2012) .
After data quality control, gap filling, and flux partitioning, full time series data were constructed. The annual total GPP and ET were then calculated based on data for the whole year.
Calculations of WUE and environmental factors
In this study, WUE was defined as the ratio of annual total GPP to annual total ET. WUE at each site-year were therefore calculated based on annual total GPP and ET.
Major climatic factors, including MAT and MAP were collected for the measurement period. If a site had missing climatic data, multiyear average climatic data were used. Mean annual total PAR (MAR) for each site during the measuring period was extracted from the interpolated PAR, which was obtained using the ANUSPLIN software with the observed PAR . Geographical factors, including latitude, longitude, and altitude, were also recorded when collecting the flux data.
To facilitate the effect of LAI on the spatial variation of WUE, we explored mean annual leaf area index (MLAI) using the uniform validated MODIS LAI at an 8-day temporal resolution to control for variation in LAI measurements.
In addition, if sites had multi-year measurements, averages of WUE and environmental factors were therefore used as we intended to analyze the spatial variability of WUE. Therefore, the effect of unequal measurements at different sites on the spatial variation of WUE would be avoided.
Uncertainty analysis
There were some uncertainties in annual total GPP and ET because of errors caused by eddy covariance measurements (Baldocchi et al., 2001) , different data processing routes (Falge et al., 2001b) , and interannual variations Xu et al., 2014) . The overall relative deviation of annual total GPP that was caused by spike detection, determination of u*, and gap-filling model selection was between 3.88% and 11.41% , while that of annual total ET caused by different gap-filling approaches was approximately 10% (Falge et al., 2001a) .
Various data processing routes resulting from different data sources such as ChinaFLUX measurements and published data may affect the spatial pattern of WUE. Data collected from different years may also affect the spatial pattern of WUE. We used Monte Carlo simulation method following Reichstein et al. (2007) to test for these effects. First, to make our analysis more conservative, a ±20% relative deviation, which guaranteed random and independent error, was added to the annual total GPP and ET for each site and each year. Second, the deviation-added WUE (WUE e ) for each site-year was calculated based on the deviation-added annual total GPP and ET after setting the deviation. Third, the collected and the deviation-added WUE for each site were calculated based on the site-year WUE. Fourth, the relationships between WUE and the deviation-added WUE (WUE e ) were conducted using the regression analysis and paired-sample T-test. Then the frequency distributions of the slope (from the regression analysis) and t-value (from the paired-sample T-test) were obtained after conducting these simulations 500 times ( Supplementary Fig. 1 ). If the regression slope of WUE against the deviation-added WUE (WUE e ) tended to be 1 or the paired-sample T-test revealed no significant difference between WUE and the deviation-added WUE (WUE e ), the deviation of GPP and ET caused by different data processing routes and years could be considered to have little effect on the spatial pattern of WUE.
The results suggest that all regressions had high R 2 values and most slopes fell in the range of 0.95 to 1.1 (Supplementary Figure. 1a ). Most t-values fell in the range of −2.03 to 2.03 (Supplementary Figure. 1b ), which indicates that the difference between WUE and the deviationadded WUE was not significant. Therefore, we can conservatively conclude that the difference among various data sources and years had a negligible effect on the determination of the spatial pattern of WUE and therefore on its affecting factors.
Statistical analyses
Flux data from the ChinaFLUX sites were processed with MATLAB software (MathWorks Inc., Natick, MA, USA). Using the MATLAB 7.7, a one-way analysis of variance (ANOVA1) was used to test for the significance of differences in WUE among ecosystem types. The significance level was set at α = 0.05. The linear regression and nonlinear regression were used to evaluate the relationships between WUE and latitude, longitude, altitude, MAT, MAP, MAR, and MLAI. The path-analysis was conducted to assess the direct or indirect factors describing the spatial variations of WUE.
Results
Measures of WUE in ecosystem types
We analyzed measures of WUE in typical ecosystems and ecosystem types using our dataset (Supplementary Table 1 The difference in WUE was also significant among ecosystem types (F = 9.93, p b 0.01) (Fig. 2a) 
Geographical spatial patterns of WUE
WUE showed specific spatial patterns that varied with geographical factors, including latitude, longitude, and altitude (Fig. 3) .
Among ecosystems within the same ecosystem type, the significant geographical spatial patterns of WUE only appeared in cropland ecosystems and wetland ecosystems ( Fig. 3a and f) . Among cropland ecosystems, WUE showed a significant decreasing trend with the increasing latitude (Fig. 3a) . Among wetland ecosystems, the increasing altitude also led to a decreasing WUE (Fig. 3f) .
Across ecosystem types, WUE exhibited obvious geographical spatial patterns (Fig. 3g-i) , which differed from those among ecosystems within the same ecosystem type. WUE, not exhibiting a trend that appeared to be related to latitude (Fig. 3g) , did not show a significant latitudinal pattern, while WUE did exhibit a longitudinal pattern, in which increasing longitude significantly enhanced WUE (Fig. 3h) . In addition, WUE exhibited an obvious altitudinal pattern that reflected its vertical distribution (Fig. 3i) . With the increasing altitude, WUE significantly decreased with an R 2 of 0.30 and a root mean square error (RMSE) of 0.76 gC kg −1 H 2 O (Fig. 3i) .
The linkages between WUE and its elements
The linkages between WUE and its elements (GPP and ET) were investigated to identify elements that directly affected the spatial variation of WUE (Fig. 4) .
Among ecosystems within the same ecosystem type, WUE significantly correlated with GPP in some ecosystem types but did not show a significant correlation with ET ( Fig. 4a-d) . In addition, the significant correlation between WUE and GPP only appeared in cropland ecosystems and grassland ecosystems (Fig. 4a and c) . Among cropland ecosystems and grassland ecosystems, WUE significantly linearly increased with the increasing GPP (Fig. 4a and c) . Though WUE also exhibited an increasing trend with the increasing GPP among forest ecosystems and wetland ecosystems, their correlations were not significant in statistics (Fig. 4a  and c) .
Across ecosystem types, the relationships between WUE and its elements distinctly differed between elements ( Fig. 4e and f) . The spatial pattern of GPP was highly positively correlated with that of WUE. With the increasing GPP, WUE exhibited a significant increasing trend in a logarithmical way, with an R 2 of 0.75 and an RMSE of 0.47 gC kg −1 H 2 O. However, though the correlation between ET and WUE was significant in statistics, ET only explained 15% of the spatial variation of WUE (Fig. 4f) .
Factors affecting the spatial variation of WUE
The spatial pattern of WUE may result from the spatial variations of hydrothermal conditions. The effects of the spatial variations of climatic factors, including MAT, MAP, and MAR, on the spatial pattern of WUE were therefore investigated (Fig. 5) .
Among ecosystems within the same ecosystem type, the significant effect of climatic factors on the spatial variation of WUE only occurred in cropland ecosystems and wetland ecosystems ( Fig. 5a and f) . Among cropland ecosystems, the increasing MAT made WUE increase linearly. However, among wetland ecosystems, MAR was the only factor found to affect the spatial variation of WUE. With the increasing MAR in spatial, WUE showed a significant decreasing trend (Fig. 5f) .
Across ecosystem types, the spatial variation of MAT, MAP, and MAR all significantly influenced the spatial variation of WUE, but the responses of WUE to MAT, MAP, and MAR differed (Fig. 5g-i) . The increasing MAT led to a linear increase in WUE, with an R 2 of 0.26 and an RMSE of 0.79 gC kg −1 H 2 O (Fig. 5g) , while the increasing MAP enhanced WUE in a logarithmical way, with an R 2 of 0.24 and an RMSE of 0.80 gC kg −1 H 2 O (Fig. 5h) . However, the increasing MAR was associated with a significant decrease in WUE, with an R 2 of 0.40 and an RMSE of 0.72 gC kg −1 H 2 O (Fig. 5i) .
Furthermore, mean annual leaf area index (MLAI), which was an important biotic factor comprehensively reflecting the climatic variations, influenced that of WUE among terrestrial ecosystems of China (Fig. 6) . Among cropland ecosystems and grassland ecosystems, the increasing MLAI both significantly enhanced WUE in spatial ( Fig. 6a  and b) , while the correlations between WUE and MLAI among forest ecosystems and wetland ecosystems were not statistically significant ( Fig. 6a and b) . Across ecosystem types, the increasing MLAI led to a significant increase in WUE. With the increase in MLAI, WUE increased in a logarithmic fashion with an R 2 was 0.54 and the RMSE was 0.63 gC kg −1 H 2 O (Fig. 6 ).
Discussion
The vertical variation of WUE
In this study, we found that WUE exhibited an obvious vertical variation across ecosystem types, which was showed as a decreasing trend with the increasing altitude (Fig. 3i) . However, except its significant latitudinal pattern among cropland ecosystems and the obvious altitudinal pattern among wetland ecosystems, WUE showed no obvious geographical patterns among ecosystems within the same ecosystem type (Fig. 3a-f ). In addition, in most cases, WUE did not significantly correlate with environmental factors within the same ecosystem type (Figs. 4a-f and 5a-d) but showed significant relationship with environmental factors across ecosystem types (Figs. 4g-i and 5e-f) . Moreover, the variation in latitude, longitude, and altitude was accompanied with the spatial variation of climate, which eventually affected the spatial distribution of ecosystem types. For example, the variation of altitude reflected the distribution of ecosystem types ( Fig. 3c and f) . Forest ecosystems and cropland ecosystems mostly appeared in areas having the altitude lower than 2000 m (Fig. 3c) , while grassland ecosystems primarily located in areas having the altitude higher than 1000 m (Fig. 3f) . Therefore, the vertical variation of WUE primarily resulted from that of ecosystem types, which also reflected the difference in climate among regions.
Direct factors describing the spatial variation of WUE
After fully considering the vertical variation of WUE, we found that many factors, including MAT, MAP, and MLAI, affected the spatial variation of WUE, which was also found in previous studies (Beer et al., 2007 (Beer et al., , 2009 Hu et al., 2008; Yu et al., 2008; Xiao et al., 2013) . Besides those factors, we also found that altitude and MAR affected the spatial variation of WUE (Figs. 3i and 5i) , which was not found in previous studies.
Given to the complex interaction among factors, we explored the path analysis to reveal factors directly describing the spatial variation of WUE. Results suggest that two comprehensive variables, MLAI and altitude, directly affected the spatial variation of WUE. Based on MLAI and altitude, we constructed an equation describing the spatial variation of WUE (Eq. (1)), which explained 65% of spatial variation of WUE, with an RMSE of 0.55 gC kg − 1 H 2 O. This equation provides an alternative approach for regional WUE and then carbon budget assessment.
WUE ¼ 0:58 log MLAI ð Þ−0:0003Altitude þ 2:32;
The effect of MLAI on the spatial variation of WUE reflected that of MAT and MAP. Previous studies suggest that the spatial variation of MAT and MAP strongly influenced that of GPP (Chapin et al., 2012; Fig. 4 . The relationships between water use efficiency (WUE) and gross primary productivity (GPP) and evapotranspriation (ET) across terrestrial ecosystems of China. (a) and (c) were the relationships between WUE and GPP among ecosystems having the same ecosystem type, while (b) and (d) were those between WUE and ET among ecosystem ecosystems within the same ecosystem type. (e-f) were the relationships between WUE and GPP (e) and ET (f) across ecosystem types. Yu et al., 2013) . In addition, the spatial pattern of GPP was closely related to that of MLAI ( Supplementary Fig. 2 ). Therefore, the spatial variation of MLAI was related to that of MAT and MAP. Our data also suggest that MLAI highly correlated with MAT and MAP ( Supplementary  Fig. 3 ).
The effect of altitude on the spatial variation of WUE may reflect that of MAT and MAR. Previous study indicate that the increasing latitude was accompanied with an increasing MAR and a decreasing MAT (Korner, 2007) . Our data also suggest that MAT and MAR closely correlated with the altitude (Supplementary Fig. 4 ).
Mechanisms underlying the spatial variation of WUE
ET is comprised by evaporation (E) and transpiration (T). Defined as the ratio of GPP to ET, WUE can therefore be divided into two parts: the ratio of GPP to T (GPP/T) and T/ET, which are affected by different processes (Hu et al., 2008) . GPP/T, reflecting the efficiency of plants in utilizing water to uptake carbon, is mainly affected by the adaption of plants to the environment. While T/ET, indicating the water allocation between physical and biological processes, is mainly influenced by LAI (Huxman et al., 2005; Hu et al., 2008) .
The effects of MAT, MAP, and MLAI on the spatial variation of WUE may be achieved through the altering T/ET. With the increasing MAT and MAP, MLAI significantly increased (Supplementary Fig. 3 ). The increasing MLAI also led to an increase in T/ET . In addition, T/ET played an important role in shaping the spatial variation of WUE (Hu et al., 2008) , which made the increasing MAT, MAP, and MLAI enhance WUE (Figs. 5g, h, and 6c) .
However, we must admit that we were still uncertain about how MAR affected the spatial variation of WUE. Though MAR is an important climatic factor for forming productivity, MAR showed little relation with GPP in spatial ( Supplementary Fig. 5a ), which was also found in the previous study (Garbulsky et al., 2010) . In addition, MAR may also reflect the variation of available energy, which may affect the spatial variation of ET, while our results suggest that ET was weakly correlated with MAR (Supplementary Figure. 5b ) and WUE (Fig. 4f) . Therefore, the effect of MAR on the spatial variation of WUE may not be achieved by altering GPP or ET but by altering another factor closely linked with MAR. Moreover, the increasing MAR was caused by the increasing altitude (Korner, 2007) , which was also accompanied with the decreasing atmosphere pressure (Korner, 2007) . The variation of atmosphere pressure directly affected that of CO 2 partial pressure, which linked to the variation of GPP and WUE. Therefore, CO 2 partial pressure may be the direct factor affecting the spatial variation of WUE, which should be the subject of future investigations.
Previous studies suggest that plants consume more water in producing per unit productivity when water is much abundant (Gebrekirstos et al., 2009; Diefendorf et al., 2010) . This contradicts to our finding because of the following aspects. First, previous studies focused on the water utilization in plant while we had ecosystem water use efficiency as the target. Second, the variation of WUE used in this study reflected the comprehensive variation of plant community water utilization (GPP/T) and T/ET, while the latter played an important role in the spatial variation of WUE.
The complicated composition of ET also made the correlation between ET and WUE insignificant (Fig. 4b) . Though T is closely linked with the variation of GPP (Steduto et al., 2007) thus WUE, E is also an Fig. 5 . The relationships between water use efficiency (WUE) and climatic variables among terrestrial ecosystems of China. (a-c) were the relationships between WUE and mean annual air temperature (MAT), mean annual precipitation (MAP), and mean annual total photosynthetic active radiation (MAR) among forest and cropland ecosystems, while (d-f) were those among grassland and wetland ecosystems and (g-i) were those across ecosystem types.
important part of ET, and the ratio of E to ET (E/ET) varied among ecosystems (Hu et al., 2009; Schlesinger and Jasechko, 2014; Wang et al., 2014; Zhu et al., 2015) .
Conclusions
Based on ChinaFLUX measurements and published data in the literature, we built a dataset containing annual total GPP and ET data from 37 sites in China and analyzed the spatial variation of WUE. WUE decreased significantly with the increasing altitude, which resulted from the ecosystem type distribution as a result of the climatic gradient. After fully considering the vertical variation of WUE, we found that not only MAT, MAP, and MLAI but also MAR affected the spatial variation of WUE, while the spatial variation of WUE could be mostly depicted by the equation only containing MLAI and altitude. The effects of MAT and MAP on the spatial variation of WUE was achieved through altering MLAI, while the mechanism underlying the effect of MAR on the spatial variation of WUE was still unclear, which needs deeply investigations in the future.
